Abstract: Distribution of monsoon forests is important for the research of carbon and water cycles in the tropical regions. In this paper, a simple approach is proposed to map monsoon forests using the Normalized Difference Vegetation Index (NDVI) derived from the Moderate Resolution Imaging Spectroradiometer (MODIS) data. Owing to the high contrast of greenness between wet season and dry season, the monsoon forest can be easily discriminated from other forests by combining the maximum and minimum annual NDVI. The MODIS-based monsoon forest maps (MOD MF ) from 2000 to 2009 are derived and evaluated using the ground-truth dataset. The MOD MF achieves an average producer accuracy of 80.0% and the Kappa statistic of 0.719. The variability of MOD MF among different years is compared with that calculated from MODIS land cover products (MCD12Q1). The results show that the coefficient of variation of total monsoon forest area in MOD MF is 7.3%, which is far lower than that in MCD12Q1 with 24.3%. Moreover, the pixels in MOD MF which can be identified for 7 to 9 times between 2001 and 2009 account for 53.1%, while only 7.9% of MCD12Q1 pixels have this frequency. Additionally, the monsoon forest areas estimated in MOD MF , Global Land Cover 2000 (GLC2000), MCD12Q1 and University of Maryland (UMD) products are compared with the statistical dataset at national level, which reveals that MOD MF has the highest R 2 of 0.95 and the lowest RMSE of 14 014 km 2 . This algorithm is simple but reliable for mapping the monsoon forests without complex classification techniques.
Introduction
Monsoon forests, also called tropical seasonal forests, are forests that have a dry season during which the trees partly or totally shed their leaves (Eamus, 1999) . They distribute widely in South Asia and Peninsula Southeast Asia, Sub-Saharan Africa, South America and Central America (Miles et al., 2006) . The monsoon forests, which cover over 40% of tropical forests area (Murphy and Lugo, 1986; FAO, 2001) , not only sustain huge population by providing fuel and wood productions (Trejo and Dirzo, 2000; Steininger et al., 2001) , but also play a significant role in controlling the concentration of CO 2 in atmosphere (Eamus, 1999; Kalacska et al., 2005) . The high variation of monsoon forests between wet season and dry season has an important impact on the photosynthetic activity and transpiration (Malhi et al., 2002; Vourlitis et al., 2002) , and contributes to sea-sonal changes in tropical net primary productivity and water cycle. Meanwhile, the increasing extreme climate and weather events, such as floods and droughts, can change the length of forest growing season and affect the energy exchanges and biogeochemical cycles between forests and atmospheric layer. Therefore, the monsoon forests are also sensitive to global changes (Yoshifuji et al., 2006 ). An accurate description of the spatial distribution of tropical monsoon forests is the first step to many researches on global carbon cycle (Foley et al., 1996) and ecological processes (Peel et al., 2001) . As most trees in monsoon forests shed leaves due to the lack of water in dry season, the forests shift seasonally from carbon sinks to carbon sources (Valentini et al., 2000; Vourlitis et al., 2004) . At the same time, water deficit limits plant transpiration process during dry season and less water will be consumed from groundwater resources (Tanaka et al., 2008; Bohlman, 2010) . Therefore, the deciduousness probably plays a significant role in carbon balance and water-use efficiency of tropical ecosystems (Tang et al., 2014) .
Remote sensing technology has been applied to map regional land cover since 1980s (Tucker et al., 1985; Townshend et al., 1987) . Up to now, many land cover products have been produced using satellite data, including National Oceanic and Atmospheric Administration-Advanced Very High Resolution Radiometer (NOAA-AVHRR) (Hansen et al., 2000; Loveland et al., 2000) , TERRA/AQUA-Moderate Resolution Imaging Spectroradiometer (MODIS) (Friedl et al., 2002; , Systeme Probatoire dObservation de la Terre (SPOT)-VEGETATION (Bartholome and Belward, 2005) , ENVISAT-Medium Resolution Imaging Spectrometer (MERIS) (Bicheron et al., 2008; Bontemps et al., 2011) and Landsat-Thematic Mapper (TM)/Enhanced Thematic Mapper Plus (ETM+) (Gong et al., 2013) . In these products, monsoon forests were classified as deciduous broadleaf forests (DBF) with temperate deciduous forests. Nevertheless, the characteristic of monsoon forests is different from that of temperate deciduous forests. Defoliation process of the latter is associated with both rainfall and temperature, while deciduousness of monsoon forests is mainly determined by rainfall as the temperature in tropics is above the forest growth threshold over the whole year (Wright and Cornejo, 1990; Eamus, 1999) . Given that this difference could lead to different phenology, growth patterns or forest behaviors between monsoon forests and temperate deciduous forests, and it might not be appropriate to cluster two forest types as a single type, which could partly account for the relatively low accuracy of DBF in global classifications (Herold et al., 2008) . In recent years, there have been several attempts to extract monsoon forests as a specific land-cover type. They were mostly developed based on the unique feature of monsoon forests that the forests have high contrast of greenness between wet season and dry season. For instance, Krishnaswamy et al. (2004) used two NDVI change vectors corresponding to NDVI amplitude, mean NDVI and coefficient of variation as classification tree inputs to extract monsoon forests in Southern India. Htun et al. (2011) also demonstrated the usefulness of NDVI amplitude in classifying monsoon forests in Myanmar. Both studies used the tree classifier to generate the classification rules and proved NDVI amplitude to be effective in boosting the classification accuracy of monsoon forests. However, both studies selected single satellite imagery to represent the dry season or the wet season. As is known, the monsoon climate influence different regions during different periods and thus occurrences of minimum NDVI in forests are spatially different, which could not be captured in a snap-shot. It is difficult and time-consuming to manually choose specific imagery to represent wet season or dry season in large-area classification for different regions. In addition, the dry season deciduousness of monsoon forests can be short or long (Ito et al., 2008) . Using single imagery in classification might omit the information of some forests with short leaf-fall periods. To improve the accuracy, most classification algorithms employ multi-temporal features from time series data as their inputs (Homer et al., 2004; Friedl et al., 2010; Jia et al., 2014; Zhu and Woodcock, 2014) , especially in the vegetation classification, vegetation growth information could be well depicted by time-series profiles of vegetation indexes and various vegetation types could be detected based on their unique profile characteristics (Lenney et al., 1996; Xiao et al., 2005; Brown et al., 2013) .
This study aimed to propose a simple approach using NDVI amplitude to extract monsoon forests, which could be more applicable and efficient in large-area classifications. In this method, the NDVI amplitude was calculated by multi-temporal features of maximum and minimum annual NDVI, which were composited using 24 Chinese Geographical Science 2016 Vol. 26 No. 1 the whole year MODIS observations. In this way, the composites can get the real NDVI amplitude and eliminate the effect of temporal difference of deciduousness in large-scale classification. Specifically, this algorithm will not employ any classifiers, which could simplify the process of classification. Moreover, South Asia and Peninsular Southeast Asia was selected as the case study area for a great amount of monsoon forests distributing in this region.
The data employed and the procedures of algorithm are illustrated in section 2 of the paper. The extracted maps and the analysis of the results will be shown in section 3. The limitation and potential improvements of the algorithm are discussed in section 4. Finally, the conclusions are given in section 5.
Materials and Methods

Study area
The study area (5.6°-35.6°N, 68.0°-109.5°E) covers 10 countries in South Asia and Peninsula Southeast Asia, including India, Nepal, Bhutan, Bangladesh, Sri Lanka, Myanmar, Laos, Thailand, Cambodia, Vietnam (Fig. 1) .
The climate of this area is influenced by the prevailing South Asian Monsoon. The summer monsoonal wind picks up much moisture from the Indian Ocean and brings a humid rainy season. The summer rain accounts for more than 80% of the whole annual rainfall in this region. The winter monsoon is not as powerful as the summer monsoon and carries little moisture. The dry season, usually with precipitation less than 100 mm, could last for several months.
According to the Forest Resources Assessment 2010 (FAO, 2010) , forests cover 32% of the land area in this region and most of the forests are tropical and subtropical species. As monsoon forests are more close to human habitations with great economic values, this area have suffered from deforestation. Although the declining rate of forest area has slowed down in 2000s, the extent of forests still shows negative trends and uncontrolled deforestation keeps an alarming rate in most countries. Monsoon forests in this region occupy a significant part of total forest area and represent the most typical monsoon forests around the world (Ruangpanit, 1995) .
MODIS data
The satellite data used in this study is MODIS land surface reflectance product (MOD09A1), which contains 7 bands at 500 m resolution. The data are provided in an 8-day gridded product using the Sinusoidal projection. MOD09A1 has been corrected for atmospheric gases and aerosols (Vermote et al., 2002) and includes quality control flags to show the various image states. Standard MODIS land products are organized in a tile system and each tile covers an area of 1200 km  1200 km. In this research, 16 tiles of MOD09A1 data for 2000-2009 were used. For each 8-day composite, a cloud mask proposed by Liu and Liu (2013) was employed to remove the residual clouds. Then NDVI was derived from Band 1 (red: 620-670 nm) and Band 2 (near infrared, NIR: 841-875 nm) of MOD09A1 by Equation (1):
Three NDVI-based metrics were prepared, including annual maximum NDVI (referred to as MaxNDVI), annual minimum NDVI (referred to as MinNDVI) and annual amplitude of NDVI (referred to as NDVI amplitude), which is the difference between MaxNDVI and MinNDVI.
(1) Compositing annual maximum NDVI The MaxNDVI is defined as the annual maximum NDVI value, which represents the greenest status of vegetation. MaxNDVI was composited by selection of the three largest NDVI which calculated from the MOD09A1 data. And then the three largest NDVI were averaged to the mean value as the maximum NDVI in this whole year.
(2) Compositing annual minimum NDVI MinNDVI is defined as the annual minimum NDVI value, which represent the brownest status of vegetation. MinNDVI was composited from the whole year MOD09A1 data with selection of the minimum of a spectral index named as the Brown Vegetation Index (BVI). The residual contamination in MOD09A1 makes it fail to directly select the real minimum NDVI (Delbart et al., 2005) , while the Brown Vegetation Index (BVI) could avoid cloud/snow contamination and the lower BVI corresponds well to the lower contamination-free NDVI observations. Therefore, BVI is taken as a proxy to composite the minimum vegetation NDVI data. BVI was derived from band 4 (green: 545-565 nm) and band 7 (short-wave infrared, SWIR: 2105-2155 nm) of MOD09A1 by Equation (2):
Algorithm for extracting monsoon forests
The algorithm is based on the fact that NDVI amplitude of monsoon forests is larger than that of tropical evergreen forests (Fig. 2) . NDVI amplitude reflects the difference of two extreme greenness conditions of forests between wet season and dry season, which are respecttively represented by the annual maximum and The method to extract monsoon forests from the whole forests includes two steps. Firstly, the non-forests land covers pixels, including grasslands, croplands and shrublands, are excluded using the mean NDVI value. Secondly, the classification threshold of NDVI amplitude between monsoon forests and other forests is determined by visual observation.
Results
Spatial distribution of monsoon forests for 2000 to 2009
The extracted maps of monsoon forests (referred to as MOD MF ) for 2000-2009 are depicted in Fig. 3 . As they are shown, monsoon forests distribute widely but unevenly in all countries in South Asia and Peninsula Southeast Asia. Large areas of monsoon forests concentrate in several major river regions, for examples, Ganges River in India, the confluence of the Ganges River and the Brahmaputra River in Bangladesh, Irrawaddy River and Salween River in Myanmar, Mekong River across Myanmar, Laos, Thailand, Cambodia and Vietnam. The characteristics of the spatial distributions imply the transitional attributes of monsoon forests. They tend to occur at the edges of evergreen forests, such as in Peninsula Southeast Asia and southwestern India. There also exist some monsoon forests in the valleys, where display a more heterogeneous pattern, such as in eastern India (Fig. 3) .
In terms of subregional distributions, South Asia monsoon forests mainly distribute in eastern and western Ghats and northeastern India. Lots of monsoon forests also distribute in the northern and northeastern India where many rivers flow and some plains extend. In Bangladesh and Sri Lanka Island, there exist a small amount of monsoon forests. As for Peninsula Southeast Asian countries, Myanmar keeps 54% of monsoon forests in this area and other countries each accounts for parts. Several important south-north direction rivers, as mentioned above, cut the ranges as patches, which shapes the pattern of most monsoon forests region as the similar south-north direction. Overall, the area of monsoon forests in Peninsula Southeast Asian countries is 362 794 km 2 in 2009, which is far larger than that in South Asia with 222 333 km 2 .
Classification threshold sensitivity analysis
The composites of MaxNDVI, MinNDVI and NDVI amplitude for 2001 are displayed in Fig. 4 . The classification threshold of NDVI amplitude for extracting monsoon forests is between 0.17 and 0.21, which is obtained by direct visual observation from the composites of NDVI amplitude between 2000 and 2009. The final threshold is determined as 0.19, that is to say, a pixel in the forest mask would be detected as the monsoon forest if its NDVI amplitude is larger than 0.19, otherwise, it would be labeled as other forests. The visual observation method to decide the threshold is based on the assumption that the derived monsoon forest area is not too sensitive to the classification threshold. Table 1 shows the variation of the extracted pixels in 2000 for the threshold ranging from 0.17 to 0.21. It is seen that the bias of 0.19 within range of ±0.01 NDVI amplitude units is between 5% and 6%.
Comparison of classification stability
The stability, here, means the consistency of derived monsoon forests among different years. Two statistical comparisons were performed to compare the stability of the long-term MOD MF with that of MODIS land cover product (MCD12Q1) since there is an overlapped period during 2001and 2009 between the two datasets.
The derived monsoon forests areas in MOD MF and MCD12Q1 are assembled in Table 2 . The coefficient of variance (CV) was used to compare the variation of monsoon forests areas estimated in MOD MF with that of Notes: although the MODIS pixel resolution is nominally 500 m, the actual pixel size is 463.312714 m. MOD MF is monsoon forest product produced in this study; MCD12Q1 is MODIS land cover product; GLC2000 is Global Land Cover 2000 product; UMD is University of Maryland land cover product; NSA MF is a collected national statistical monsoon forests areas. Data sources for national statistical areas of monsoon forests: a, The value was estimated from the Sal forests (a dominant local deciduous tree species) cover from Lillesø et al. (2005) and forest area from FAO (2010); b, Collins et al. (1991) To evaluate the stability of the algorithm, another approach is also proposed to count the frequency of one pixel labeled as monsoon forest during 2001 and 2009. This method is based on the assumption that most forest land covers are relatively static and stable; that is, if one pixel was labeled as the monsoon forest by a classification algorithm, it should be detected during a long time period. The more pixels with high frequency there are in a product, the more robust the classification algorithm is. In this comparison, all the pixels labeled as monsoon forests during 2001 and 2009 were selected to record their frequency of labeling as the monsoon forest in MOD MF and MCD12Q1. The frequency count was divided into low interval (1-3), middle interval (4-6) and high interval (7-9). Under the assumption mentioned above, the more pixels with frequency in high interval, and the more stable the algorithm is. As shown in Fig. 5 , the proportion of high frequency of MOD MF is about 53.1%, which is far higher than the proportion in MCD12Q1 of 7.9%. The percentage of low frequency of MCD12Q1 reaches 74.9% and it means that almost three fourths of monsoon pixels were labeled discontinuously between 2001 and 2009 in MCD12Q1. By contrast, the percentage of low interval in MOD MF is as low as 29.6%. Notes: mean is average derived monsoon forests areas; SD is standard deviation; CV stands for coefficient of variance; ′-′ means no data; MOD MF is monsoon forest product produced in this study; MCD12Q1 is MODIS land cover product
Comparison of monsoon forest areas at national level
Three satellite-based global land cover datasets, MODIS land cover product (MCD12Q1), Global Land Cover 2000 (GLC2000) map and University of Maryland (UMD) land cover dataset, were used to compare the derived monsoon forest areas. In tropical Asia, the DBF type in these global products could be considered equivalent to tropical monsoon forests. The estimated areas of monsoon forests in GLC2000 and UMD are also shown in Table 2 . A 100% stacked comparison was performed to evaluate the consistency in each country among the four products (Fig. 6) . The UMD derived low percent of monsoon forests except in Bhutan, Laos and Vietnam. Similarly, MCD12Q1 also accounts for quite low percent in most countries. It is seen that MCD12Q1 and UMD mapped far lower monsoon forest areas than GLC2000 and MOD MF did, which is also shown in Table 2. The main reason is that the definition of forests in International Geosphere-Biosphere Program (IGBP) classification system which is employed by MCD12Q1 and UMD products is different from that in Land Cover Classification System (LCCS) which is employed by GLC2000. The former restricts 60% forest cover as the low limit in the definition of forests, whereas the latter only requires 15%. Percent of GLC2000 varies greatly among the countries, with some exceeding more than half and others accounting for only a little (Fig. 6) . The percent areas of MOD MF are relatively even compared with other three datasets, except in Bangladesh, whose monsoon forests area appears to be overestimated. Among the four datasets, it appears poor agreement on the extracted monsoon forests areas in all countries.
To better understand how well the MOD MF algorithm performed compared with other three remote sensing products, a set of national statistical areas of monsoon forests (hereafter referred to as NSA MF ) was collected ( Table 2) . At the national level, the derived areas of monsoon forests in the four products were compared with NSA MF . In many countries, especially the countries where monsoon forests widely distribute, such as in India and Myanmar, there are the minimum differences between the MOD MF and NSA MF datasets. The result of Bangladesh seems to have relatively large differences between the MOD MF and NSA MF datasets, which was also mentioned in the 100% stacked comparison. Simple linear regressions of monsoon forests areas estimates of 10 countries between satellite products and NSA MF were performed (Fig. 7) . They show that areas of the MOD MF and NSA MF are strongly correlated, with the highest R 2 value of 0.95 compared with 0.88 of MCD12, 0.61 of GLC2000 and 0.67 of UMD. Moreover, the regression between MOD MF and NSA MF has the lowest RMSE of 14 014 km 2 , which is far lower than 56 969 km 2 of MCD12, 108 800 km 2 of GLC2000 and 59 867 km 2 of UMD.
Evaluation of map accuracy
To objectively evaluate the results, accuracies of the MOD MF maps were assessed using a dataset of 100 ground-truth forest observations, which were collected in all 10 countries in this study (Fig. 8) . These sites were sampled corresponding to the proportion of forest area in each country according to FAO reports (FAO, 2010) . Most of the observation sites in field were selected in the vicinity of national parks, reserved forests, wildlife sanctuaries, or the most reprehensive forests in a country. One ground-truth site was identified as the monsoon forest (MF) or non-MF by digging the local information from three sources: 1) the research papers relating monsoon forests in the study area; 2) Google Earth, a fashionable virtual globe that assembles high resolution images and seas of photographs taken by volunteers; 3) descriptions from local websites. The precise coordinate information of a ground-truth site was obtained from 1) or 2) and the decision of its land cover type was mostly made based on both descriptions from 1) and 3). Once labeled, the 100 sites were compared with the corresponding pixels in the MOD MF map at the same location.
The confusion matrix for this study is reported in Table 4. From the viewpoint of a map producer, the accuracy of monsoon forests is 80.0% and the accuracy for non-MF is 99.1%. At the standpoint of a map user, this new monsoon forests map achieved a high accuracy of 99.4%. The user′s accuracy of non-MF is only 70.9% because of the misclassified monsoon forests. For a transitional ecosystem, the imagery pixels in transition zones, especially at the border of two land covers, are easy to be misclassified as other types. The overall accuracy of MOD MF maps is 86.3%.
In order to provide more information on classification errors, Cohen′s Kappa coefficient, which is thought to be a more reliable measure than simple percent judgment by taking into account the chance agreement, is calculated (Table 4) . The Kappa coefficient is 71.9% for this classification.
Discussion
In most satellite-based classifications, the monsoon forest is not classified as an individual land-cover type but mixed up with temperate deciduous forests in common DBF legend, however, two forest types have different mechanisms of leaf falling and thus forest behaviors differentiate greatly. It is necessary to separate monsoon forests from other forests.
The algorithm developed in this study to map monsoon forests based on NDVI amplitude has two advantages. First, the composite of a whole year observations is applied to get the annual maximum and minimum NDVI, which could better show the annual variation amplitude of NDVI than single imagery and solve the (Landis and Koch, 1977; Fleiss et al., 2003) . These results indicate that the algorithm has the potential to be employed in other tropical regions. However, the thresholds produced in this study for monsoon forests are just reference values, because the thresholds could be different in other regions. In small-area classification, the thresholds can be manually modified to maximally separate monsoon forests from other forests. Moreover, if more classification features were employed as the inputs, such as MaxNDVI and MinNDVI, the accuracy of mapping monsoon forests could be improved to some extent. The results suggest that the algorithm is capable of identifying monsoon forests. However, there still remain some factors that affect the results. The first factor is the variation of inter-annual NDVI. The threshold of NDVI amplitude was direct determined by visual observation but NDVI-based metrics of forests could be different year by year. In this paper, the classification threshold in 2000 was used for the classification. This might lead to some errors and oscillations in the final products for 2001 to 2009. In Table 2 , it shows that the monsoon forest area for every country varies year by year, and the variations in some counties even account for up to 30% of the average areas (Table 3) . The second factor is that the other land covers might disturb the extraction results. Although the mean of NDVI were used to exclude non-forest information, the confusion between monsoon forests and mixed woodland and shrublands does exists (Herold et al., 2008) . Especially at the border of two land covers, they might be misclassified as each other and this could reduce the accuracy of MOD MF maps. Thirdly, as the high producer′s accuracy of non-MF contributes to the overall accuracy, the overall accuracy is less valuable to evaluate the classification than the producer′s accuracy for monsoon forests in this research.
Two recommendations can be made for improving in further researches: 1) adding some other features as classification inputs which might be related with the monsoon forests, they could further enhance the accuracy of classification; 2) assessing the classification accuracy by employing more diversified reference data, not only relying on the sampling point validation.
Conclusions
In this paper, a simple algorithm was proposed to map monsoon forests using MODIS data. This algorithm is based on the high greenness variation of different seasons in monsoon forests. The NDVI amplitude was used as the classification input and the classification threshold for monsoon forests and other forests was decided by direct visual observation. In this way, monsoon forest maps (MOD MF ) for 2000-2009 were produced. The accuracies assessed by a ground-truth dataset and the Kappa coefficient both proved the results to be good. Comparisons between MOD MF , MCD12Q1, UMD, GLC2000 and the national statistical areas reveals that MOD MF are highly correlated to the statistical data with the highest R 2 value and the lowest RMSE. Moreover, the stability comparison demonstrates that the long-term maps extracted by this algorithm are more stable in delineating the spatial pattern of monsoon forests than MCD12Q1. The proposed algorithm selected the classification feature of NDVI amplitude based on the understanding of the unique characteristic of monsoon forests, so the classification rules was not necessary to be created using any classifier. This algorithm could simplify the process of classification and is suitable to those classifications without complicated techniques. At the same time, the results have shown that the presented method could balance well between accuracy and efficiency and it has the potential to map monsoon forests in other tropical regions.
